Abstract: Airborne LiDAR bathymetry (ALB) has been shown to have the ability to retrieve water turbidity using the waveform parameters (i.e., slopes and amplitudes) of volume backscatter returns. However, directly and accurately extracting the parameters of volume backscatter returns from raw green-pulse waveforms in shallow waters is difficult because of the short waveform. This study proposes a new accurate and efficient method for the remote sensing of suspended sediment concentrations (SSCs) in shallow waters based on the waveform decomposition of ALB. The proposed method approaches raw ALB green-pulse waveforms through a synthetic waveform model that comprises a Gaussian function (for fitting the air-water interface returns), triangle function (for fitting the volume backscatter returns), and Weibull function (for fitting the bottom returns). Moreover, the volume backscatter returns are separated from the raw green-pulse waveforms by the triangle function. The separated volume backscatter returns are used as bases to calculate the waveform parameters (i.e., slopes and amplitudes). These waveform parameters and the measured SSCs are used to build two power SSC models (i.e., SSC (C)-Slope (K) and SSC (C)-Amplitude (A) models) at the measured SSC stations. Thereafter, the combined model is formed by the two established C-K and C-A models to retrieve SSCs. SSCs in the modeling water area are retrieved using the combined model. A complete process for retrieving SSCs using the proposed method is provided. The proposed method was applied to retrieve SSCs from an actual ALB measurement performed using the Optech Coastal Zone Mapping and Imaging LiDAR in a shallow and turbid water area. A mean bias of 0.05 mg/L and standard deviation of 3.8 mg/L were obtained in the experimental area using the combined model.
Introduction
Suspended sediments play a major role in erosion/deposition processes, biomass primary production, and the transport of nutrients, micropollutants, and heavy metals [1] . Thus, reliable and spatially distributed observations of suspended sediment concentrations (SSCs) should be acquired to advance our understanding of the biogeomorphic dynamics of estuarine and lagoon systems and to develop effective and quantitative monitoring schemes [1] . In situ point measurements and optical remote sensing are common measurement techniques for SSCs. The in situ point measurements performed through gravimetric analysis directly produce accurate SSCs. The information obtained from filtered sediments is often considered the true concentration used for the calibration of other methods [2] . Despite the accuracy of this method, the cost and time related to the acquisition of these water samples are high and the necessary logistics are quite complex, thereby resulting in a sample distribution that is limited in time and space [3] .
Optical remote sensing is often adopted to obtain spatial-temporal changes in SSC efficiently [1, 4] . Optical remote sensing involves passive and active methods. Passive methods generally use spectrometers on satellites to measure the radiance entering the aperture of the sensor. SSCs can be retrieved through passive remote sensing provided that sufficient in situ ancillary information for appropriate calibration is available [1] . The literature validated the feasibility of applying radiometric data from satellites to estimate SSCs [1, 3, [5] [6] [7] [8] [9] . The estimation of SSCs through passive remote sensing is quite developed but generally concerns deep marine coastal waters; low-resolution sensors are often unsuitable for applications in estuaries and lagoons [1] .
In contrast to passive optical remote sensing methods, active methods generally employ laser illumination (e.g., airborne LiDAR bathymetry (ALB)), avoiding the problems associated with reliance on the sun and low-resolution, and can operate at night and in shallow waters [10] . ALB is an accurate, cost-effective, and rapid technique for shallow water measurements [11] [12] [13] and can also be used for non-bathymetric purposes, such as the measurement of seawater turbidity [14] . Although water turbidity depends on SSCs and particle composition, many experiments have shown a good linear relationship between water turbidity and SSCs [12] . Thus, the turbidity estimated using ALB can be used as an indirect method to obtain SSCs. At present, ALB systems are tested to characterize the water turbidity of the upper water column by using green-pulse waveforms [4, 11, 15, 16] . The loss of volume backscatter return depends on the turbidity of a body of water. Conversely, an analysis of the decay of the recorded waveform signal enables estimation of turbidity [16] . In general, such parameters as amplitude and slope of the column backscatter related to attenuation are estimated from pulse waveforms to retrieve water turbidity [11, 15] . The relationship between water turbidity and the parameters estimated from raw waveforms has been investigated and has demonstrated the capability of ALB to detect, map, and monitor water turbidity [17] [18] [19] . An exponential function [16] and a linear function [4] are used to fit the return waveform of the water column part in order to estimate water turbidity. These methods are simple, effective, and can directly extract the parameter of volume backscatter return from the raw pulse waveforms by utilizing the fitting functions. In the existing methods, the SSC estimation is based on situations in which the range of volume backscatter return is significantly long, thereby enabling the extraction of the amplitude and slope of volume backscatter returns from the raw pulse waveforms. However, estimations will become inefficient in shallow waters because the range of volume backscatter return is short or completely missing [4] . In Figure 1a , the volume backscatter return in the raw pulse waveform is long and the traditional parameter extraction method can be utilized. Nevertheless, the traditional method is ineffective in the situation that the volume backscatter return is missing in the raw waveform in shallow waters (Figure 1b) . Therefore, we developed a new method for estimating SSCs from the shallow water ALB data based on waveform decomposition.
Green surface return is a linear superposition of the energy reflected from the actual air-water interface and the energy backscattered from the particulate materials in the water volume just under the interface [11] . In our study, the volume backscatter return is extracted from the raw pulse waveform through waveform decomposition. According to the correlation between the volume backscatter return and measured SSC, SSC is retrieved by establishing an empirical SSC model, that is, the functions relating the slope and amplitude of volume backscatter return to measured SSCs. This paper is structured as follows. Section 2 provides the theoretical basis of the proposed method. Section 3 validates and analyzes the proposed method through experiments. Section 4 provides the ( ) ( )
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Parameters of the Volume Backscatter Return
where P(t) is the received power of the bathymetric LiDAR signal at time t; W is the constant combining loss; PT is the transmitted power; R is the bottom reflectance; Ksys is the system attenuation coefficient related to water clarity; and h is the in-water propagation distance.
The following equation that is linear in depth can be obtained by transforming Equation (1) using a natural log:
The system attenuation coefficient Ksys can be calculated as follows: 
where t1 and t2 are the two adjacent times, and cwater is the propagation velocity of the green laser in water.
The diffuse attenuation coefficient Kd is a predictor of water clarity [11] . The waveform-calculated system attenuation coefficient Ksys is related not only to Kd but also to ALB parameters, such as field of view (FOV) [11, 21, 22] . If the receiver FOV is sufficient, then Ksys approaches Kd [22] [23] [24] . In our study, we assumed that the FOV of the Coastal Zone Mapping and Imaging LiDAR (CZMIL) was large enough to collect all the returning energy to the receiver unit, and Ksys approached Kd. The powers of laser returns (P) are detected by the detectors, usually photomultiplier tubes (PMTs) or avalanche photodiodes (APDs) [25, 26] . Realistically, the expected dynamic range of the LiDAR returns is large and spans approximately several decades [25] . Therefore, a logarithmic amplifier [26] or a dynode bias circuit [27] is used to produce an effective logarithmic electrical response to compress the signal before it is delivered to the analog to digital converter (ADC). The outputs of detectors are digitized using high-speed ADCs at 1 GHz (1 ns/sample) to produce the waveforms (Amp) required for ranging measurements [25] . The raw waveform derived by the ADC is a 
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Parameters of the Volume Backscatter Return
(a) Slope of the volume backscatter return
The LiDAR equation in the water column can be expressed as follows based on the description of Allocca et al. (2002) [15] and Collin et al. (2008) [20] :
where P(t) is the received power of the bathymetric LiDAR signal at time t; W is the constant combining loss; P T is the transmitted power; R is the bottom reflectance; K sys is the system attenuation coefficient related to water clarity; and h is the in-water propagation distance.
The system attenuation coefficient K sys can be calculated as follows:
where t 1 and t 2 are the two adjacent times, and c water is the propagation velocity of the green laser in water. The diffuse attenuation coefficient K d is a predictor of water clarity [11] . The waveform-calculated system attenuation coefficient K sys is related not only to K d but also to ALB parameters, such as field of view (FOV) [11, 21, 22] . If the receiver FOV is sufficient, then K sys approaches K d [22] [23] [24] . In our study, we assumed that the FOV of the Coastal Zone Mapping and Imaging LiDAR (CZMIL) was large enough to collect all the returning energy to the receiver unit, and K sys approached K d . The powers of laser returns (P) are detected by the detectors, usually photomultiplier tubes (PMTs) or avalanche photodiodes (APDs) [25, 26] . Realistically, the expected dynamic range of the LiDAR returns is large and spans approximately several decades [25] . Therefore, a logarithmic amplifier [26] Remote Sens. 2018, 10, 247 4 of 19 or a dynode bias circuit [27] is used to produce an effective logarithmic electrical response to compress the signal before it is delivered to the analog to digital converter (ADC). The outputs of detectors are digitized using high-speed ADCs at 1 GHz (1 ns/sample) to produce the waveforms (Amp) required for ranging measurements [25] . The raw waveform derived by the ADC is a semi-log plot with a logarithmic scale on the y-axis (amplitude) and a linear scale on the x-axis (time (ns)) ( Figure 1 ). This process can be expressed as follows:
where Amp is the amplitude of the waveform, α is a scaling constant, and P is the power of laser returns. Figure 1 shows that the volume backscatter slope K in the raw-pulse waveform can be defined as follows:
where A(t 1 ) and A(t 2 ) are the waveform amplitudes at times t 1 and t 2 ; and the corresponding powers are P(t 1 ) and P(t 2 ), respectively. From Equations (3) and (5), we can derive the equation that K is directly proportional to K sys .
K sys is related to water turbidity, and the slope K is proportional to K sys . If K can be obtained, then SSC can be retrieved by building an empirical model between K and SSC.
(b) Amplitude of the volume backscatter return Guenther [26] described a general expression for the mean peak air-water interface return power as follows:
where θ is the beam scanning angle; N(θ, w) is the normalized Cox-Munk wave-slope distribution; w is the wind speeds; η is the total system optical efficiency; P T is the transmitted peak laser power; S R is the aperture area of the receiver telescope; H is the sensor height; and ρ s (w) is the effective surface reflectivity per unit solid angle. The magnitude of the volume backscatter power can be written in the following form:
where n w is the index of refraction of water; σ is the volume-scattering function; K sys is a system attenuation coefficient related to the water clarity and receiver field of view; t is time; and ρ v (σ,K sys ,t) is the backscatter reflectivity per unit solid angle of the water column. Equation (7) shows that surface waves have significant effects on the air-water interface return power P s and that P s is independent of water turbidity. Equation (8) shows that surface waves have no significant effect on the magnitude P v of the volume backscatter power [26] , and P v is related to the system attenuation coefficient K sys , which in turn is related to the diffuse attenuation coefficient K d . Therefore, we can retrieve SSC through P v . As is mentioned in Equation (4), P v can be transferred into the waveform amplitude by inputting P v into an ADC, thereby enabling the retrieval of SSC by building a model between the amplitude of volume backscatter return and the measured SSC. However, the received surface return is the linear supposition of the air-water interface return and volume backscatter return. The amplitude of volume backscatter return can only be obtained by separating the volume backscatter return from the raw-pulse waveform. Figure 2 shows that a typical bathymetric LiDAR waveform comprises the surface return, volume backscatter return, bottom return, and background noise level [11] . The surface return is a linear superposition of the energy reflected from the actual air-water interface and the energy backscattered from particulate materials in the water volume just under the interface. Previous studies are based on the assumption that the range of volume backscatter return in deep waters is significantly long (Figure 1a ) and the parameters of volume backscatter return can be extracted accurately from the raw green-pulse waveform. The longer the volume backscatter return is, the more accurately the waveform parameters can be estimated from the raw pulse waveform influenced by noises from the environment and ALB instruments. Kim [4] pointed out that a significantly long range of the slant distance (more than 18.7 m) makes possible the good estimation of average attenuation. Assuming that the ADC sampling rate is 1 ns/sample, 1 ns corresponds to about 0.15 m in slant distance. Conversely, a slant distance of 18.7 m corresponds to 125 samples of volume backscatter return in the raw waveform. However, if the volume backscattering range is short or missing, the estimated K sys would be quite inaccurate using the traditional waveform analysis method (Figure 1b ) [4] .
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Ceccaldi [31] tested the combinations of several functions to efficiently distinguish the waveform contributions. Of all the functions considered, Gaussian, triangle, and Weibull functions have been verified to yield a high performance in fitting the air-water interface, the volume backscatter and the bottom returns, respectively [31] . Abady et al. [32] replaced the triangle function with a quadrilateral function to fit volume backscatter returns and assessed the method by using waveforms simulated by a Water LiDAR (Wa-LID) waveform simulator. Wa-LID was developed to simulate the reflection of LiDAR waveforms from water across visible wavelengths [33] . Although the accuracy of quadrilateral function is slightly better than that of the triangle function [32] , the number of parameters used in the former (six parameters) is more than that used in the latter (four parameters) and thus increase the complexity of waveform decomposition. Schwarz et al. [34] proposed an If the volume backscatter returns can be separated accurately from the superposed surface returns and its waveform range (b-c in Figure 2 ) can be enlarged relative to that in the raw waveform (t 1 -t 2 in Figure 2 ), then the parameters of volume backscatter returns can be estimated from the green-pulse waveform for retrieving SSCs (Figures 1b and 2 ). Waveform decomposition is widely used in ALB depth estimation [28] [29] [30] . The advantage of this method is that it can extract the air-water interface return and volume backscatter return from the superposed surface return in the raw green waveform based on the waveform characteristics of various components of the return.
Ceccaldi [31] tested the combinations of several functions to efficiently distinguish the waveform contributions. Of all the functions considered, Gaussian, triangle, and Weibull functions have been verified to yield a high performance in fitting the air-water interface, the volume backscatter and the bottom returns, respectively [31] . Abady et al. [32] replaced the triangle function with a quadrilateral function to fit volume backscatter returns and assessed the method by using waveforms simulated by a Water LiDAR (Wa-LID) waveform simulator. Wa-LID was developed to simulate the reflection of LiDAR waveforms from water across visible wavelengths [33] . Although the accuracy of quadrilateral function is slightly better than that of the triangle function [32] , the number of parameters used in the former (six parameters) is more than that used in the latter (four parameters) and thus increase the complexity of waveform decomposition. Schwarz et al. [34] proposed an exponential decomposition method that uses a model composed of segments of exponential functions to fit waveforms and considers the influence of system waveforms. This method can undo the blurring of a differential backscatter cross section caused by a laser sensor and result in a stable estimation of the water surface [34] . The quadrilateral function and the exponential decomposition need to be verified further by a lot of ALB data and water turbidity information. To conduct a simple and efficient decomposition, the method in reference [31] is adopted in this study.
As is shown in Figure 2 , the air-water interface return, IR, can be expressed by a Gaussian function as follows:
where t is the time; A s is the amplitude of the air-water interface return; µ s is the time position of the surface (ns); and σ s is the standard deviation. The volume backscatter return VB can be depicted by the triangle function as follows:
where A c is the amplitude of volume backscatter return and (a, b, c) denote the time positions of the triangle vertices. The bottom return BR can be expressed by a Weibull function as follows:
where A b is the amplitude of the bottom return, λ b is the time position of the bottom return, and k b is the shape parameter. The green waveform model GM comprising the air-water interface return, volume backscatter return, bottom return, and background noise level e can be depicted as follows:
Using the received raw green-pulse waveforms, the parameters (i.e.,
in the combination function (Equation (12)) can be estimated using a non-linear least-squares (NLS) approach using the Levenberg-Marquardt optimization algorithm. The Levenberg-Marquardt algorithm is an iterative procedure, and its primary application is in the least-squares curve fitting problem [35] . Given a set of m empirical datum pairs (x i , y i ) of independent and dependent variables, we calculated the parameters β of the model curve f (x, β) so that the sum of the squares of the deviations S(β) was minimized as follows:
After obtaining VB(t, A c , a, b, c), the amplitude A of volume backscatter return can be calculated as follows:
The slope K of volume backscatter return can be calculated on the basis of the assumption of homogeneous water turbidity in the vertical direction as follows:
Empirical Suspended Sediment Concentration (SSC) Models
After obtaining K and A of the volume backscatter return, SSC (C) can be estimated by building empirical models, namely, a C-K model between C and K and/or a C-A model between C and A.
(a) C-K model The slopes of volume backscatter returns are related to K d and can be used to retrieve SSC. We can build the following C-K relationship model based on the calculated slopes at SSC sampling stations:
The amplitudes A of volume backscatter returns are related to K d and can be used to retrieve SSC. Similarly, we can build the C-A relationship model as follows:
Through the C-K and the C-A models, SSCs at a pulse spot can be estimated by using K and A, respectively, of the corresponding volume backscatter return.
(c) Combined SSC model Through the C-K and C-A models, we can obtain the two solutions of C at a position. To obtain a single and robust C at a position, a combined model which is the linear combination of the C-K and C-A models is given as follows:
where k is an weighting coefficient that ranges from 0 to 1. The SSC error matrix V of all pulse spots in the representative water is as follows:
where
. . .
where n is the total pulse numbers in the representative water and C measured is the measured SSC of the SSC sampling station. The value of the weight k can be solved using the least square method as follows:
2.4. Remote Sensing of SSCs Based on the Waveform Decomposition of Airborne LiDAR Bathymetry (ALB) Figure 3 shows the process for remote sensing of SSCs in a measurement area using the preceding methods. Six steps comprise the retrieval process. separated volume backscatter returns.
Step 4: The C-K and C-A models are built using Ks, As and the measured Cs at all SSC sampling stations.
Step 5: The final retrieval SSC model is formed by combining the established C-K and C-A models.
Step 6: SSC of each pulse spot is estimated by inputting K and A of the corresponding volume backscatter return into the combined SSC model. 
Experiment and Analysis
Data Acquisition
A comprehensive survey was conducted in December 2014 in a shallow coastal water area with high turbidity and varying depths of 2-6 m (near Lianyungang, Jiangsu Province, China) to evaluate the reliability and accuracy of the proposed method. The eight strips of ALB data were collected using the CZMIL. Table 1 lists the primary technical parameters of CZMIL. Suspended sediment sampling was conducted in the same water area. Four suspended sediment-sampling stations were arranged around the survey area (Figure 4 ). During the ALB measurement, seawater samples were collected using horizontal water samplers in situ and analyzed in the laboratory. Each water sample was filtered, dried, and weighed. Suspended-sediment sampling was performed only in the surface, middle, and bottom layers at each sampling station. The mean value of SSCs measured at different layers was used as a representative SSC for each sampling station because of slight SSC changes. The assumption of homogeneous water turbidity in the vertical direction was adopted during SSC measurements. Figure 4 shows the locations and scopes of the different measurements. Step 1: Waveforms of green pulses are extracted from the raw binary data files.
Step 2: The volume backscatter returns are separated from the green waveforms through the waveform decomposition described in Section 2.2.
Step 3: The slopes Ks and amplitudes As of volume backscatter returns are calculated using the separated volume backscatter returns.
Step 6: SSC of each pulse spot is estimated by inputting K and A of the corresponding volume backscatter return into the combined SSC model.
Experiment and Analysis
Data Acquisition
A comprehensive survey was conducted in December 2014 in a shallow coastal water area with high turbidity and varying depths of 2-6 m (near Lianyungang, Jiangsu Province, China) to evaluate the reliability and accuracy of the proposed method. The eight strips of ALB data were collected using the CZMIL. Table 1 lists the primary technical parameters of CZMIL. Suspended sediment sampling was conducted in the same water area. Four suspended sediment-sampling stations were arranged around the survey area (Figure 4 ). During the ALB measurement, seawater samples were collected using horizontal water samplers in situ and analyzed in the laboratory. Each water sample was filtered, dried, and weighed. Suspended-sediment sampling was performed only in the surface, middle, and bottom layers at each sampling station. The mean value of SSCs measured at different layers was used as a representative SSC for each sampling station because of slight SSC changes. The assumption of homogeneous water turbidity in the vertical direction was adopted during SSC measurements. Figure 4 shows the locations and scopes of the different measurements. Table 2 lists the representative SSCs of the four sampling stations. The 100 m × 100 m water area around each sampling station was selected as a representative sampling domain. In the four representative locations, 6011 pulse waveforms derived from the deep channel of CZMIL were extracted from the raw binary waveform files. Figure 5 shows several raw waveforms in each representative water area. The air-water interface return and volume backscatter return are superposed as the green surface return. Accordingly, distinguishing the volume backscatter return from the raw pulse waveform is difficult because of the short waveform range. The bottom return probably cannot be obtained in the raw waveforms because its amplitude is less than the background noise in the high water turbidity. To obtain the accurate slopes and amplitudes of volume backscatter returns, the waveform decomposition method depicted in Section 2.2 was adopted. The volume backscatter returns are separated from the superposed surface returns by establishing the green waveform model (see Equation (12) ) using the raw waveforms. The green waveform model enables formation of the waveforms of the air-water interface returns (see Figure 5a ,c,e,g) and corresponding volume backscatter returns (see Figure 5b,d,f,h) . To ensure the accuracy of the separated volume backscatter waveform, the established green waveform model is assessed by comparing the sum of the two separated waveforms and raw waveform. Table 3 lists the statistical parameters of the model residuals in the four representative waters. The standard deviations in the four representative waters are below 20.5. Pearson's correlation coefficient R 2 between the raw waveform and the sum of the air-water interface return and the volume backscatter return is 0.995. The high R 2 and low residuals (see Figure 5 and Table 3) show that the combination of Gaussian and triangle functions fit the green surface return well and that the volume backscatter return can be extracted accurately from the green surface return. The accuracy of the waveform decomposition can be assessed further based on the consistencies of Ks (or As) of the separated volume backscatter returns in a representative area. At a representative area, the biases of K and A of each pulse shot can be calculated by referring to the means of Ks and As of all pulse shots in the area. Table 4 lists the corresponding statistical parameters of the two types of biases. The standard deviations of Ks and As in the four representative waters are below 0.43 and 18.8, respectively. These results show that consistent Ks (or As) in a representative area can be derived from the separated volume backscatter returns and further verifies the feasibility of the proposed waveform decomposition method for extracting the volume backscatter return from the green surface return.
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(a) Empirical C-K model Figure 6a shows that the relationship between the slopes of volume backscatter returns and measured SSCs in the four representative waters is monotonically increasing. On the basis of this variation, the following power function is used to estimate SSC variations:
where C denotes SSC, K is the slope of volume backscatter return, and a 1 , b 1 , and c 1 are the model coefficients. The model coefficients are estimated using the NLS method. Table 5 lists the results. The Pearson's correlation coefficient R 2 of the C-K model is 0.86. Figure 6a shows the regression curve formed by the C-K model. The high R 2 and Figure 6a show that the C-K model fits the measured SSCs well.
Remote Sens. 2017, 9, x FOR PEER REVIEW 12 of 19
where C denotes SSC, K is the slope of volume backscatter return, and a1, b1, and c1 are the model coefficients. The model coefficients are estimated using the NLS method. Table 5 lists the results. The Pearson's correlation coefficient R 2 of the C-K model is 0.86. Figure 6a shows the regression curve formed by the C-K model. The high R 2 and Figure 6a show that the C-K model fits the measured SSCs well. (b) Empirical C-A model Figure 6b shows that the relationship between the amplitudes of volume backscatter returns and measured SSCs in the four representative waters is also monotonically increasing. Similarly, a power function is given to estimate SSCs:
where A is the amplitude of volume backscatter return; and a2, b2, and c2 are the model coefficients. The coefficients are estimated using the NLS method (see Table 5 ). The Pearson's correlation coefficient R 2 of the C-A model is 0.89. Figure 6b shows the regression curve of the C-A model. The high R 2 and Figure 6b show that the power function fits the measured SSCs well.
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C-K Model
where A is the amplitude of volume backscatter return; and a 2 , b 2 , and c 2 are the model coefficients. The coefficients are estimated using the NLS method (see Table 5 ). The Pearson's correlation coefficient R 2 of the C-A model is 0.89. Figure 6b shows the regression curve of the C-A model. The high R 2 and Figure 6b show that the power function fits the measured SSCs well. To build a robust estimation model, the combined SSC model depicted as Equation (18) is built by combining the estimated C-K and C-A models. The weight value k is solved using the process depicted in Equations (19)- (22) and determined as 0.15:
(3) Accuracy Analysis In our experiment, the data at stations 1, 3, and 4 were used to build the SSC models. The Pearson's correlation coefficient R 2 (Table 5 ) is used to reflect the goodness of fit. R 2 can also indicate the internal accuracies of the established SSC models at stations 1, 3, and 4. The SSCs at each pulse spot of the representative water area of station 2 are estimated with the established C-K, C-A, and combined model, respectively. SSC measured in situ at station 2 can be used as an external reference to assess the accuracies of the three models. Figure 7 and Table 6 show the probability density distribution (PDF) and statistical parameters of SSC bias. The standard deviation of the SSC bias achieved by the combined model is less than those achieved by the C-K and C-A models. In addition, the means of the SSC biases achieved by the combined and C-A models are approximately zero and significantly less than those by the C-K model. The mean of the C-K model biases is −2.2 mg/L, which shows a systematic error in the C-K model. This statistical result indicates that the combined model has better performance in retrieving SSC than the single C-K or C-A models.
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In our experiment, the data at stations 1, 3, and 4 were used to build the SSC models. The Pearson's correlation coefficient R 2 (Table 5 ) is used to reflect the goodness of fit. R 2 can also indicate the internal accuracies of the established SSC models at stations 1, 3, and 4. The SSCs at each pulse spot of the representative water area of station 2 are estimated with the established C-K, C-A, and combined model, respectively. SSC measured in situ at station 2 can be used as an external reference to assess the accuracies of the three models. Figure 7 and Table 6 show the probability density distribution (PDF) and statistical parameters of SSC bias. The standard deviation of the SSC bias achieved by the combined model is less than those achieved by the C-K and C-A models. In addition, the means of the SSC biases achieved by the combined and C-A models are approximately zero and significantly less than those by the C-K model. The mean of the C-K model biases is −2.2 mg/L, which shows a systematic error in the C-K model. This statistical result indicates that the combined model has better performance in retrieving SSC than the single C-K or C-A models. 
Remote Sensing of SSCs
SSCs at each pulse spot of the measured water area are estimated using the three SSC models.
(1) A total of 76,776 green pulse waveforms from seven strips acquired using the deep channel of CZMIL are extracted from the raw binary waveform data files. The waveform decomposition method is applied to separate the volume backscatter returns from such pulse waveforms. The slopes and amplitudes of the separated volume backscatter returns are calculated (see Figure 8a,b,  respectively) . The slopes in the experimental water area range from 1.5 to 9.6 and the amplitudes range from 65 to 466. Figure 8 shows regional transitional variations of Ks and As resulting from the SSC changes. This example shows the feasibility of establishing a retrieval model with Ks and As of the volume backscatter returns.
(2) SSCs of each pulse spot in the experimental water area are estimated using the established
Combined model Figure 7 . Probability density distribution of the SSC bias retrieved using the different models in the representative waters of sampling station 2. Table 6 . Statistical parameters of SSCs established using the different models in the representative waters of sampling station 2. SD means standard deviation. 
(1) A total of 76,776 green pulse waveforms from seven strips acquired using the deep channel of CZMIL are extracted from the raw binary waveform data files. The waveform decomposition method is applied to separate the volume backscatter returns from such pulse waveforms. The slopes and amplitudes of the separated volume backscatter returns are calculated (see Figure 8a ,b, respectively). The slopes in the experimental water area range from 1.5 to 9.6 and the amplitudes range from 65 to 466. Figure 8 shows regional transitional variations of Ks and As resulting from the SSC changes. This example shows the feasibility of establishing a retrieval model with Ks and As of the volume backscatter returns.
Remote Sens. 2017, 9, x FOR PEER REVIEW 14 of 19 shows the distributions of SSCs estimated using the different SSC models. SSCs estimated using the C-K model vary from 96 mg/L to 162 mg/L, those using the C-A model vary from 89 mg/L to 186 mg/L, and those using the combined SSC model vary from 90 mg/L to 182 mg/L. The distributions of SSCs estimated using the different SSC models have high consistency. Given that the combined model has higher accuracy than the C-K and C-A models, the SSC retrieved by the combined model is used as the final result. 
Discussion
The proposed approach provides a good method for the remote sensing of SSCs in shallow waters based on waveform decomposition of ALB. The accuracy of the estimated SSCs in the study area is related to the slope and amplitude of volume backscatter return separated by the waveform decomposition and the constructed SSC models.
(a) Advantage of the proposed method Traditional methods directly extract the slope and amplitude from the water column parts of raw green-pulse waveforms to retrieve water turbidity in deep water. However, accurately obtaining these parameters in shallow water is difficult when the range of volume backscatter return in the green-pulse waveform is short or missing. The waveform decomposition is a good tool to separate the volume return from the raw green waveform. The proposed method overcomes the shortcoming of traditional methods and can extract the volume backscatter return from the raw pulse waveform to accurately retrieve SSC in shallow waters. The range of the separated volume backscatter return (Figure 5b,d,f,h ) is enlarged relative to that in the raw green waveform. The stretching is beneficial for accurately calculating the slopes and amplitudes of volume backscatter (2) SSCs of each pulse spot in the experimental water area are estimated using the established C-K, C-A, and combined SSC models by inputting the corresponding K and A. A moving average method is used to filter noises induced by the errors of calculated waveform parameters. Figure 9 shows the distributions of SSCs estimated using the different SSC models. SSCs estimated using the C-K model vary from 96 mg/L to 162 mg/L, those using the C-A model vary from 89 mg/L to 186 mg/L, and those using the combined SSC model vary from 90 mg/L to 182 mg/L. The distributions of SSCs estimated using the different SSC models have high consistency. Given that the combined model has higher accuracy than the C-K and C-A models, the SSC retrieved by the combined model is used as the final result. shows the distributions of SSCs estimated using the different SSC models. SSCs estimated using the C-K model vary from 96 mg/L to 162 mg/L, those using the C-A model vary from 89 mg/L to 186 mg/L, and those using the combined SSC model vary from 90 mg/L to 182 mg/L. The distributions of SSCs estimated using the different SSC models have high consistency. Given that the combined model has higher accuracy than the C-K and C-A models, the SSC retrieved by the combined model is used as the final result. 
(a) Advantage of the proposed method Traditional methods directly extract the slope and amplitude from the water column parts of raw green-pulse waveforms to retrieve water turbidity in deep water. However, accurately obtaining these parameters in shallow water is difficult when the range of volume backscatter return in the green-pulse waveform is short or missing. The waveform decomposition is a good tool to separate the volume return from the raw green waveform. The proposed method overcomes the Figure 9 . Distribution of SSCs estimated using the established C-K, C-A, and combined models in the experimental area. (a) Distribution of SSC estimated using the C-K model; (b) that using the C-A model; and (c) that using the combined SSC model.
(a) Advantage of the proposed method Traditional methods directly extract the slope and amplitude from the water column parts of raw green-pulse waveforms to retrieve water turbidity in deep water. However, accurately obtaining these parameters in shallow water is difficult when the range of volume backscatter return in the green-pulse waveform is short or missing. The waveform decomposition is a good tool to separate the volume return from the raw green waveform. The proposed method overcomes the shortcoming of traditional methods and can extract the volume backscatter return from the raw pulse waveform to accurately retrieve SSC in shallow waters. The range of the separated volume backscatter return (Figure 5b,d,f,h ) is enlarged relative to that in the raw green waveform. The stretching is beneficial for accurately calculating the slopes and amplitudes of volume backscatter returns, as well as retrieving SSC.
To conveniently obtain these waveform parameters, 18 m of water depth is defined as a limitation based on current knowledge and previous studies [4] . When the ALB depth is below 18 m, the waveform decomposition should be adopted in the extraction of the waveform parameters and SSC retrieval. Otherwise, the traditional method is adopted.
(b) Performance of the waveform decomposition In Section 3.2, the accuracy of waveform decomposition was assessed in four SSC sampling stations in terms of residuals, R 2 , and consistency of the parameters calculated from separated volume backscatter returns. The bottom returns are missing in all of the sampling stations because of high water turbidity, but this will not always be the case if the water is shallower and/or less turbid. So the waveform decomposition should also be assessed using the waveforms with distinct bottom returns. In Figure 10 , the bottom returns can be found in an area with low-turbid water. In such an area, the retrieved SSCs are less than 90 mg/L and far less than the SSCs in other areas. This result is consistent with the actual situation and verifies the efficiency of the waveform decomposition and the SSC retrieval models. A total of 1333 pulse waveforms with distinct bottom returns are detected in this water area. The waveform-decomposition methods described in Section 2.2 are assessed by these pulse waveforms. One typical raw waveform with distinct bottom returns is shown in Figure 11a , and the corresponding waveform-decomposition results are illustrated in Figure 11b . Only waveforms between the leading edge of the surface return and the tailing edge of the bottom return are assessed because other parts of the waveforms are useless signals induced by noises of the environment and the ALB instrument (Figure 11a ). The maximum, minimum, mean, and standard deviation of the residuals are 67.5, −26.3, 3.9 and 17.5, respectively. R 2 between the raw waveform and the sum of the three returns is 0.99. The high R 2 and low residuals indicate that waveform decomposition can also be applied to waveforms with distinct bottom returns. returns, as well as retrieving SSC. To conveniently obtain these waveform parameters, 18 m of water depth is defined as a limitation based on current knowledge and previous studies [4] . When the ALB depth is below 18 m, the waveform decomposition should be adopted in the extraction of the waveform parameters and SSC retrieval. Otherwise, the traditional method is adopted.
(b) Performance of the waveform decomposition
In Section 3.2, the accuracy of waveform decomposition was assessed in four SSC sampling stations in terms of residuals, R 2 , and consistency of the parameters calculated from separated volume backscatter returns. The bottom returns are missing in all of the sampling stations because of high water turbidity, but this will not always be the case if the water is shallower and/or less turbid. So the waveform decomposition should also be assessed using the waveforms with distinct bottom returns. In Figure 10 , the bottom returns can be found in an area with low-turbid water. In such an area, the retrieved SSCs are less than 90 mg/L and far less than the SSCs in other areas. This result is consistent with the actual situation and verifies the efficiency of the waveform decomposition and the SSC retrieval models. A total of 1333 pulse waveforms with distinct bottom returns are detected in this water area. The waveform-decomposition methods described in Section 2.2 are assessed by these pulse waveforms. One typical raw waveform with distinct bottom returns is shown in Figure 11a , and the corresponding waveform-decomposition results are illustrated in Figure  11b . Only waveforms between the leading edge of the surface return and the tailing edge of the bottom return are assessed because other parts of the waveforms are useless signals induced by noises of the environment and the ALB instrument (Figure 11a ). The maximum, minimum, mean, and standard deviation of the residuals are 67.5, −26.3, 3.9 and 17.5, respectively. R 2 between the raw waveform and the sum of the three returns is 0.99. The high R 2 and low residuals indicate that waveform decomposition can also be applied to waveforms with distinct bottom returns. This study constructed three empirical SSC models (i.e., the C-K, C-A, and combined models) using the slopes and amplitudes of the separated volume backscatter returns. The models were built using the dataset collected by CZMIL in shallow and turbid waters. In other waters or data collected using other ALB systems, the three models should be rebuilt to enable the SSC retrieval model, established by the measured waveform parameters, to fit well with the actual SSCs in the water body of interest.
The C-K, C-A, and combined models reflect the SSC in the measurement water. In the above experiment, the C-A model is better than the C-K model and makes a larger contribution to the combined model. Meanwhile, the combined model is best among the three. Because the combined model is built using the slopes and amplitudes of volume returns and the measured SSCs, the combined model can weaken the shortcomings of the C-K and C-A models and is robust.
(e) Application
The proposed method addressed the issue of accurately retrieving SSC in shallow waters. The method also can be applied in deep waters. In situ point measurements of SSC should be performed to calibrate the waveform parameters derived from the raw pulse waveforms. To ensure the accuracy of the proposed method, the density and representativeness of the SSC sampling stations should be considered when collecting these field data.
Conclusions and Suggestions
This study proposed a novel method for remote sensing of SSC based on waveform decomposition of ALB. The proposed method overcomes the shortcoming of traditional methods and can extract the volume backscatter return from the raw pulse waveform to accurately retrieve SSC in shallow waters. Experiments verified the proposed methods. The experimental results show that the volume backscatter returns can be efficiently separated from the raw pulse waveforms using the waveform decomposition method. The SDs of the slopes and amplitudes of the separated volume backscatter returns in the four representative waters of the SSC sampling stations were below 0.43 and 18.8, respectively. Three retrieving SSC models (i.e., the C-K, C-A and combined models) were built using the waveform parameters and measured SSCs. SDs of 4.5, 3.9, and 3.8 mg/L were obtained using the C-K, C-A, and combined models, respectively, thereby showing that the combined model was best among the three models. SSC in the measurement water was obtained using the combined model. Figure 11 . Waveform decomposition using a waveform with a distinct bottom return. (a) Raw waveform with a distinct bottom return. t 1 and t 2 denote the leading edge and tailing edge of the waveform, respectively; (b) extracted interface, volume and bottom returns determined through the waveform decomposition. The red curve denotes the air/water interface return, the blue curve denotes the volume backscatter return, and the green curve denotes the bottom return.
(c) Initial values of waveform decomposition
Our experiment validated the effectiveness of the proposed waveform-decomposition method in the experimental water area with shallow water depth and high turbidity. The water depth determines the time range of volume backscatter return and amplitude of the bottom return, while the water turbidity determines the amplitudes of the volume backscatter and bottom returns. Although the key parameters of volume backscatter return (i.e., A c , a, b, c) and bottom return (i.e., A b , λ b , k b ) can be estimated through the NLS approach using the Levenberg-Marquardt optimization algorithm, initial values of these parameters given by the prior water depth and turbidity of the measured water area will accelerate the convergence rate of the non-linear least-square fitting. The prior water depth can be calculated using water surface height and water bottom height determined by ALB. Prior turbidity can be obtained by interpolating SSC using field measurements.
(d) Retrieving SSC models
This study constructed three empirical SSC models (i.e., the C-K, C-A, and combined models) using the slopes and amplitudes of the separated volume backscatter returns. The models were built using the dataset collected by CZMIL in shallow and turbid waters. In other waters or data collected using other ALB systems, the three models should be rebuilt to enable the SSC retrieval model, established by the measured waveform parameters, to fit well with the actual SSCs in the water body of interest.
(e) Application
Conclusions and Suggestions
This study proposed a novel method for remote sensing of SSC based on waveform decomposition of ALB. The proposed method overcomes the shortcoming of traditional methods and can extract the volume backscatter return from the raw pulse waveform to accurately retrieve SSC in shallow waters. Experiments verified the proposed methods. The experimental results show that the volume backscatter returns can be efficiently separated from the raw pulse waveforms using the waveform decomposition method. The SDs of the slopes and amplitudes of the separated volume backscatter returns in the four representative waters of the SSC sampling stations were below 0.43 and 18.8, respectively. Three retrieving SSC models (i.e., the C-K, C-A and combined models) were built using the waveform parameters and measured SSCs. SDs of 4.5, 3.9, and 3.8 mg/L were obtained using the C-K, C-A, and combined models, respectively, thereby showing that the combined model was best among the three models. SSC in the measurement water was obtained using the combined model.
The proposed method is also suitable for retrieving SSC in deep water. Our experiment was conducted in shallow and turbid waters with four SSC sampling stations for the calibration. Further tests should be performed in similar waters with more SSC sampling stations.
